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Heterogeneity in Schooling Rates of Return
* 
 
This paper relaxes the assumption of homogeneous rates of return to schooling by employing 
nonparametric kernel regression. This approach allows us to examine the differences in rates 
of return to education both across and within groups. Similar to previous studies we find that 
on average blacks have higher returns to education than whites, natives have higher returns 
than immigrants and younger workers have higher returns than older workers. Contrary to 
previous studies we find that the average gap of the rate of return between white and black 
workers is larger than previously thought and the gap is smaller between immigrants and 
natives. We also uncover significant heterogeneity, the extent of which differs both across 
and within groups. The estimated densities of returns vary across groups and time periods 
and are often skewed. For example, during the period 1950-1990, at least 5% of whites have 
negative returns. Finally, we uncover the characteristics common amongst those with the 
smallest and largest returns to education. For example, we find that immigrants, aged 50-59, 
are most likely to have rates of return in the bottom 5% of the population. 
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Much economic research analyzes the behavior of a typical economic agent, but ignores the
possibility that agents diﬀer from each other. This assumption is prevalent in labor eco-
nomics but is often employed in other areas of economics. For example, in microeconomics,
theoreticians often assume a given utility or production function but ignore heterogeneous
agents. As an illustration, Jaimovich and Rebelo (2009) state “our model economy is popu-
lated by identical (emphasis ours) agents who maximize their lifetime utility ... [and] output
is produced with a Cobb-Douglas production function ....” In macroeconomics, practition-
ers estimate the aggregate eﬀect of a change in monetary policy but often downplay the
fact that various agents and economic sectors can react diﬀerently. For example, the dy-
namic stochastic generalized equilibrium model describes the economy in terms of a three
equation model in which one equation is an interest rate feedback mechanism used by the
central bank, a second is an Euler consumption equation, and a third is a price setting
scheme aggregated from monopolistically competitive ﬁrms, but in which the heterogeneous
agents are not treated independently (Christiano, Eichenbaum and Evans, 2005; Smets and
Wouters, 2003). In the subﬁelds, for example in public ﬁnance, Parry and Small (2009)
derive “tractable formulas for the welfare eﬀects of fare adjustments in passenger peak and
oﬀ-peak rail and bus transit” based on a representative agent framework, but recognize “that
this can only approximate the aggregate behavior of a diverse population” (pp. 273).
But of late, the advantages of examining population-wide heterogeneity are becoming
more widespread. For example, with regard to the debate whether prices are ﬂexible or
sticky, Boivin, Giannoni and Mihov (2009) allude to the fact that “empirical studies based
on aggregate data ... found stickiness” whereas “evidence based on the behavior of disag-
gregated prices suggests that prices are much more volatile than conventionally assumed in
studies based on aggregate data” (pp. 350-351). In reconciling the diﬀerence, they then eval-
uate diﬀerent responses to macroeconomic and sector-speciﬁc shocks. Similarly in economic
theory, models are beginning to address heterogeneity in a variety of ways. For example,
Chiappori and Ekeland (2009) analyze “when, to what extent and under what conditions”
one can recover underlying individual preferences and decision processes from a group’s
aggregate behavior.
Similarly, most econometric applications neglect individual diﬀerences by concentrating
on population-wide estimates. However, at least since 1950, econometricians considered the
case when coeﬃcients vary across individual observations (Rubin, 1950). Early empirical
2work consisted of random coeﬃcients models. The problem, however, is that these type
models impose strict distributional restrictions (usually normality) on the heterogeneous
coeﬃcients, and anyway end up estimating the mean response, as in Hildreth and Houck
(1968). Further, the approach assumes a particular functional form for the underlying equa-
tion. This is also true of extensions of the random coeﬃcients model, for example, the
correlated random coeﬃcients model (Heckman, Schmierer and Urzua, 2009).
Later work used panel data with ﬁxed-eﬀects methods to adjust for heterogeneity. Of
these, most analyses assume person speciﬁc intercepts. Person speciﬁc intercepts mean
individuals diﬀer only with respect to the level of the outcome variable, but such models do
not allow exogenous variables to aﬀect each individual diﬀerently. But clearly individuals can
vary in the ways they react to exogenous forces. For example, one can conceive an extra year
of schooling might beneﬁt a high ability person diﬀerently than a low ability person. Models
that adopt individual speciﬁc slopes generally do not consider more than one exogenous
variable. But even so, they still estimate single common population-wide parameters for
each of the other independent variables (Polachek and Kim, 1994; Pesaran, 2006). But more
crucially not always are panel data available to utilize ﬁxed or random-eﬀects techniques;
and even if they are, it is not clear one should concentrate on a single summary parameter
for the population rather than a distribution of parameters across individuals within the
population.
In this paper we adopt nonparametric kernel estimation. This approach does not neces-
sarily take the place of panel data when such data are available. However, one advantage is
such estimation techniques need not rely on panel data which frequently are not available.
Also, nonparametric models do not require the functional form to be speciﬁed a priori. We
apply the approach to get at the distribution of educational rates of return. Knowing the
extent individual-speciﬁc rates of return vary is important to policy makers, not only be-
cause it gives an indication of the beneﬁts of schooling individuals accrue, but also because
rates of return have implications regarding race diﬀerences in earnings (Card and Krueger,
1992), because rates of return give an indication of supply and demand shifts in the labor
market (Freeman, 1977; Card and Lemieux, 2001), and because rates of return have impli-
cations for technological change (Goldin and Katz, 2008). Thus our purpose is to document
heterogeneity in a systematic and coherent manner.
There are a number of ways to estimate rates of return. Early studies, namely Becker
(1964), computed the net beneﬁts of education that weighed the gains in earnings from
schooling against tuition (direct costs) and opportunity costs. Heckman, Lochner and Todd
3(2006) advocate a computation involving option values. However, in 1974, the Mincer earn-
ings function approach became the norm. Today literally hundreds of studies adopt this
approach (Polachek, 2008).
The major problem with all these rate of return studies is the diﬃculty in getting at
heterogeneity. To adopt ﬁxed-eﬀects one needs panel data, but within the panel each indi-
vidual must exhibit some variation in schooling, i.e., a set of individuals must increase their
schooling levels at various points in their working lives. The problem, though, is that those
working during school have arbitrarily low earnings (Lazear, 1977), typically because of time
and geographic constraints limit one’s ability to commute. As noted in Card (1995), these
individuals appear to have larger returns to education than others, and thus panel data esti-
mation may over-estimate the average returns to education. But even if not, it is diﬃcult to
isolate increases in earnings caused by schooling changes from increases in earnings caused
by increases in experience as individuals age. As such, there is very little research trying
to account for person-speciﬁc heterogeneity in schooling rates of return, and those that do
rely on distributional assumptions (Harmon, Hogan and Walker, 2003) or priors (Koop and
Tobias, 2004).1 For this reason we adopt nonparametric kernel estimation which does not
rely on restrictive functional form assumptions or on panel data.
To anchor our results to these past studies, we choose the Mincer notion of rates of
return rather than other notions such as Becker’s that uses both direct and opportunity
costs or Heckman, Lochner and Todd’s (2006) that use option values since, as we indicated,
most current rate of return estimates have adopted Mincer’s earnings function approach we
suspect because of its tractability; but obviously other rate of return deﬁnitions could have
been employed. However, using other deﬁnitions would yield too few studies to compare to
our new nonparametric kernel estimates. For this reason we adopt the Mincer speciﬁcation,
and this is why we make great eﬀorts to compare our nonparametric estimates to typical
parametric results.
The rest of the paper is organized as follows. Section 2 introduces the overall approach
and previews some important results; Section 3 presents the empirical method in detail;
Section 4 describes the data; Section 5 discusses the results; Section 6 identiﬁes characteristics
of those with the highest and lowest returns; Section 7 explains the implications of our results
1 Recently, there have also been studies utilizing quantile regression methods (see, e.g., Martins and Pereira,
2004). Quantile regression methods typically focus on a speciﬁc heterogeneity eﬀects across the whole earn-
ings distribution. Controlling for a set of covariates in estimation – conditional quantile regression – allows
for the interpretation of within-group eﬀects. However, we shall show, there exists a larger heterogeneity in
returns to schooling, both between- and within-groups.
4for future research; Section 8 concludes.
2 Overall Approach
The rate of return to schooling literature is not ignorant of these econometric developments
regarding heterogeneity (Koop and Tobias, 2004), however, most of the literature assumes
that all individuals within a particular group (for example, white males) have the same re-
turn to a one-unit increase in education.2 There are good reasons to believe that rate of
return to schooling varies within a particular sub-group. For example, for white males some
individuals have higher ability, some have better access to credit, some attend higher qual-
ity schools, some specialize in market oriented subjects and some obtained schooling more
recently. It is also natural to believe that this variation may diﬀer across groups (such as
between blacks and whites) and over time (such as each decade from 1940 to 2000). Uncover-
ing this variability may contain useful information for policy makers. Panel data estimators
relax the assumption of identical rates of return for each individual, but they require re-
peated observations in which individuals increase their education during their working lives.
This information is not always readily available. However, even if it were, arbitrarily lower
earnings before ﬁnally terminating school leads to overestimates of rates of return (Card,
1995). Also, the level of education for a particular individual is generally constant later in life
and hence would be removed by typical ﬁxed eﬀects estimators. Random coeﬃcients mod-
els allow for parameter heterogeneity and estimation in a cross-section, but are subject to
the same functional form restrictions as typical panel data estimators (Harmon, Hogan and
Walker, 2003). If the speciﬁed parametric functional form is incorrect, estimation generally
leads to inconsistent estimates. Further, these methods often require restrictive assumptions
regarding the variability (for example, symmetric distributions). On the other hand, non-
parametric regression methods allow for separate rate of return estimates with respect to
each realization of the regressors. They also eschew functional form assumptions and are
consistent under a more broad range of data generating processes (Heckman, Lochner and
Todd, 2008). In this paper we use both parametric and nonparametric methods to investi-
gate heterogeneity across groups. We further use the nonparametric methods to investigate
heterogeneity within groups (for example, to plot out the distribution of rates of return for
white males and black males by year).
2 Although it can be argued that schooling and education are distinct, we speak of them as being synonymous
in this paper.
5To preview our results, we ﬁrst note that our parametric results are generally consistent
with the literature. We ﬁnd that the rate of return has been rising over time, albeit non-
monotonically. The rate of return to older individuals is less than that of younger workers.
The return black workers receive is greater than their white counterparts. We also ﬁnd that
the rate of return is higher for natives than immigrants. Following cohorts over time we ﬁnd
that the rate of return falls with age, but rises within a particular age-group over time. We
also ﬁnd that the drop in the rate of return over time is faster for blacks than for whites. A
similar result is found for native versus immigrant workers.
The results from the nonparametric regressions on average are often in line with the
parametric ﬁndings. We ﬁnd that the rate of return to education (on average) is larger
for younger as opposed to older individuals. We also ﬁnd that blacks have a higher rate of
return than whites and that natives have higher rates of return of schooling than immigrants.
However, we ﬁnd that the absolute diﬀerence between the returns of each set of groups diﬀer
by estimation method. For instance, when comparing the parametric and nonparametric
results, we notice that for blacks, the parametric estimates are generally smaller than their
nonparametric counterparts. If functional form is the only issue, this would suggest that the
parametric estimates are downward biased. Although the magnitude of the median partial
eﬀect is also higher in the nonparametric model for whites, this diﬀerence is smaller and
hence the gap between the two groups is larger when employing nonparametric regression.
Perhaps more important than diﬀerences at the median is our uncovering substantial
heterogeneity in the rates of return to schooling within groups. As stated previously, many
papers allow for heterogeneity across groups, but few allow for heterogeneity within speciﬁc
groups. We show substantial variation in the rate of return within groups. However, this
variation is not constant across groups and/or time.
We ﬁnd one striking unexpected result when examining heterogeneity in the rates of
return. Speciﬁcally, we uncover signiﬁcant percentages of very low and sometimes even
negative returns for speciﬁc groups. We attempt to determine which groups have relatively
low and relatively high returns by examining the characteristics that are common amongst
each group. For example, we ﬁnd that younger workers with young children are less likely to
enjoy larger beneﬁts of education whereas older workers with young children are more likely
to have large rates of return to education. Examples of workers in the low group include
both older workers and immigrants.
63 Empirical methodology
In regression we are typically concerned with predicting the left-hand-side variable given
speciﬁc values of one or more right-hand-side variables. For a particular observation, this
is the conditional expectation E (yi|xi = x). The general regression model with an additive
mean zero random error is written as
yi = E (yi|xi) + ui, i = 1,2,...,n.
Most parametric analyses assume that E (yi|xi) is linear in x, i.e. E (yi|xi) = α + βxi. If
this model is true and the other Gauss-Markov assumptions hold, then the estimators of α
and β are the best linear unbiased estimators and one can proceed with inference and policy
suggestions. However, if the true model is nonlinear and one ignores this, estimation may
not only lead to inconsistent estimates, but it can also mask important heterogeneity in the
marginal eﬀects. For example, suppose the true model is quadratic in x, but one ﬁts a linear
model. In a linear model the estimated partial eﬀect ∂y/∂x = β is constant for all x. Thus,
not only will the linear model’s result be inconsistent, but it is also ignorant of the fact that
the true partial eﬀect varies with x. Even worse, the marginal eﬀect could take both positive
and negative values. Implementing a policy based on results from the linear model when the
true technology is quadratic could lead to unintended consequences for a particular group,
for example, a detrimental instead of positive impact of a treatment for a sub-group of the
population.
Given that the true data generating process is generally unknown, there are a few options:
(1) Simply hope that the true model is linear. Given that this is only one possibility out of
an inﬁnite number of possibilities, this may be a bit naive. (2) Fit higher order polynomials
as well as use interaction terms. This is a promising approach, but given the number of
possibilities, it is diﬃcult to model all of these without quickly running out of degrees of
freedom. Other issues with this approach in this setting will be discussed later. (3) Let the
data tell the form of the technology. This is the approach taken in this paper.
3.1 Ordinary least squares
Although OLS is well understood by economists, we feel the need to brieﬂy describe the
estimator in this particular framework. The typical Mincer (1974) regression model for
7males is given by
lnyi = α + βsi + γti + δt
2
i + ui, i = 1,...,n (3.1)
where y is annual earnings, s is the number of years of education and t represents the years
of experience.3 α, β, γ and δ are parameters to be estimated and u is the standard additive
error term.4 Note that even though our left-hand-side variable is measured in logs and
experience enters in quadratic form, this model is linear in its parameters and thus may be
estimated by OLS.
Of particular interest in this paper is the coeﬃcient attached to the schooling variable,
β. It represents the partial change in lny when s is changed by one unit. It is roughly
interpreted as the percentage change in earnings when schooling is increased by one year.
This value is ﬁxed for all levels of schooling which means that it is assumed that a one year
increase in schooling brings about the same percentage change in earnings regardless of the
number of years of schooling. Further, the model assumes that schooling is linearly sepa-
rable from the other regressor(s) in the model. In other words, this coeﬃcient is assumed
constant across groups/individuals. This model is subject to the same criticism as other
parametric models. Speciﬁcally, misspeciﬁcation of the conditional mean will generally lead
to inconsistent parameter estimates and potentially inappropriate policy prescriptions. The
literature sometimes allows for more ﬂexible earnings function by adding higher-order poly-
nomial terms and interactions. This practice, however, does not necessarily provide a good
approximation to the underlying relation between earnings and education.5 More important,
they do not allow for within-group variations in returns to education. For example, Card
(1999) points out that even a high-order polynomial parameterization of the Mincer model
does not ﬁt the age proﬁles well for diﬀerent educational groups, and that models allowing
for more ﬂexible interactions between education and experience are needed. This view is also
shared and supported by Heckman, Lochner, and Todd (2003). The authors ﬁnd that “as-
sumptions of linearity in schooling and separability between schooling and experience” are
3 Throughout the paper we will treat the right-hand-side variables as exogenous. We discuss this choice in
more detail in Section 7.
4 This is regression P(1) of Table 5.1 (p. 92) in Mincer (1974). There Mincer gives an interpretation of the
coeﬃcients (p. 91) but it is important to note that he provides other possible functional forms because he
realized ﬁrst that rates of return can vary across the population and second that linearly declining post-school
investment, as is assumed in P(1), need not hold.
5 Based on Becker type of optimal schooling models, Card (1995, 2001) show that even the simplest linear
speciﬁcation for marginal return to schooling implies a quadratic relation between observed education and
earnings outcomes. As noted in Card (2008) and Rau Binder (2006), relaxation of the linearity assumption
leads to a even more general earnings function, which could be potentially highly nonlinear depending on
the underlying functions for marginal cost and return.
8far more important sources of misspeciﬁcation in the Mincer model than higher order terms
in experience on which the literature tends to focus. Again, although we are aware that
more sophisticated versions of (3.1) are available in the literature (Heckman and Polachek,
1974; Heckman, Lochner and Todd, 2008), this form is still the standard when analyzing the
rate of return to education.
3.2 Generalized kernel estimation
The basic idea behind nonparametric regression is to estimate the unknown conditional
mean. Here we consider a variant of the local-linear least-squares (LLLS) estimator (Fan and
Gijbels, 1992; Pagan and Ullah, 1999).6 Speciﬁcally, we use Generalized Kernel Estimation
(Li and Racine, 2004; Racine and Li, 2004) to estimate the conditional mean and gradient.
To begin, ﬁrst consider the nonparametric regression model
yi = m(xi) + εi, i = 1,...,n (3.2)
where yi is the left-hand-side variable measured for observation i. m(·) is the unknown
smooth function with argument xi = [xc
i,xu
i ], xc
i is a vector of continuous regressors, xu
i is
a vector of regressors that assume unordered discrete values, ε is an additive error, and n
is the number of observations. In our application, y is log annual earnings and xc contains
q = 2 elements: years of education and experience. xu contains a single element for whether
or not the individual was top-coded.
Taking a ﬁrst-order Taylor expansion of (3.2) with respect to x yields
yi ≈ m(x) + (x
c
i − x
c)β(x) + εi (3.3)
where β(x) is deﬁned as the partial derivative of m(x) with respect to xc. The LLLS estimator
of δ(x) ≡ (m(x),β(x))
0 is given by




where X is a n × (q + 1) matrix with ith row being (1,(xc
i − xc)) and K (x) is a diago-
6 In short, LLLS performs weighted least-squares regressions around a point x with weights determined by a
kernel function and bandwidth vector. Speciﬁcally, more weight is given to observations in the neighborhood
of x. This is performed over the range of x and then the unknown function is estimated by connecting
the point estimates. Some of the beneﬁts of LLLS are that it requires no assumptions on the underlying
functional form and allows for heterogeneity in the partial eﬀects. Further, if indeed the true functional form
is linear, the LLLS estimator nests the OLS estimator when the bandwidth is very large.
9nal n matrix of kernel weighting functions for mixed continuous and categorical data with
bandwidth parameter vector h (Li and Racine, 2007).7 Closer inspection of the estimator in
(3.4) shows that the estimate is speciﬁc to x. In other words, we obtain a ﬁtted value and
derivative estimate (for each regressor) for each x. This allows us to observe heterogeneity
in the partial eﬀect of schooling.
3.2.1 Bandwidth selection
Estimation of the bandwidths (h) is typically the most salient factor when performing non-
parametric regression. For example, choosing a very small bandwidth means that there may
not be enough points for smoothing and thus we may get an undersmoothed estimate (low
bias, high variance). On the other hand, choosing a very large bandwidth, we may include
too many points and thus get an oversmoothed estimate (high bias, low variance). This
trade-oﬀ is a well-known dilemma in applied nonparametric econometrics and thus we usu-
ally resort to automatic determination procedures to estimate the bandwidths. Although
there exist many selection methods, one increasingly popular method is Hurvich, Simonﬀ
and Tsai’s (1998) AICc criterion. This method chooses smoothing parameters using an im-
proved (in terms of bias) Akaike Information Criterion. One beneﬁt of this method is that
it tends to avoid undersmoothing which often happens with other popular methods such as
least-squares cross-validation.
3.2.2 Estimation of the density of the partial eﬀects
A beneﬁt of nonparametric kernel methods is that they give a plethora of results. Observation
speciﬁc estimates can be obtained for each regressor in a local-linear regression, implying we
have n×q partial eﬀects. It is often diﬃcult and/or impractical to present this many values
in a paper. Therefore researchers often devise ways to present the results. Some authors
simply look at the mean or median of the estimates for a particular regressor. However, this
ignores possible heterogeneity in the estimates. One increasingly popular method to present
the results is to plot kernel densities of the estimates. This allows us to examine the entire
7 The generalized product kernel function for a vector of unordered and continuous variables is the product of
a kernel function for continuous variable(s) and a kernel function for unordered variable(s). For unordered
variables, the kernel function utilized is the one proposed in Aitchison and Aitken (1976); for continuous
variables, the kernel function is second order Gaussian kernel. See Li and Racine (2007) for more details.
10set of estimates for a particular regressor in one simple-to-view ﬁgure.8 We analyze both
methods.
4 Data
The data are obtained from the Integrated Public Use Microdata Series (IPUMS) 1940 - 2000
and the American Community Survey (ACS) 2005. IPUMS data 1940 - 2000 are based on
U.S. Decennial Censuses.9 For 1940 - 1970, the 1% samples (1-in-100 national random sample
of the population) are available; for 1980 - 2000, the 5% samples (1-in-20 national random
sample of the population) are available. Since Census data are conducted every ten years,
we also pool together ACS 2005 (1-in-100 national random sample of the population) for
our analysis to reﬂect recent trends.10 Our sample is restricted to male workers aged 16 and
above. We focus on individuals from “regular households” and “additional households under
the 2000 deﬁnition”.11 Individuals living in group quarters are excluded from the sample.
Moreover, we keep only the observations with unaltered or logically edited values. The
observations that are manually edited using hotdeck, colddeck, or the unspeciﬁed allocation
method are excluded from our analysis.12
To perform the analysis, three variables are of primary interest: individual earnings, years
8 Plotting kernel densities of predicted values and/or derivatives is analogous to that for a simple vector of















where h is a scalar bandwidth and K (·) is the kernel function. Stated loosely, a kernel density estimate
can be thought of as a smoothed histogram. The kernel function determines the shape of the bumps and
the bandwidth controls the degree of smoothness. Throughout the paper, when presenting kernel density
estimates, we employ a Epanechnikov kernel and use 2.5 multiplied by the adaptive rule of spread (Silverman,
1986, pp. 47).
9 All questions were asked for the previous calendar year. For instance, reported earnings in the 1980 census
are earnings in 1979.
10All the data ﬁles can be downloaded on http://usa.ipums.org/.
11Prior to 2000, households that contain 10 or more individuals unrelated to the household head were classiﬁed
as group quarters, instead of regular households. The deﬁnition of group quarters has since changed. For the
2000 census and all ACS and PRCS samples, “housing units were classiﬁed as group quarters only if they
belonged to a list of such units.” (http://usa.ipums.org/usa-action/variableDescription.do?mnemonic=GQ)
Therefore, IPUMS coded this group of individuals under group quarters and deﬁne it as “Additional house-
holds under the 2000” deﬁnition. We wanted to stick to the original Census’s deﬁnition and thus added this
group back to the household.
12There are three ways that IPUMS deals with missing/inconsistent values. Most variables in the IPUMS have
been edited for missing, illegible or inconsistent values. It is not obvious that editing will necessarily add
more accurate information.
11of schooling and potential experience (age − schooling − 6).13 The deﬁnition of individual
total income (the sum of all sources of earnings) is diﬀerent across years, as more detailed
income categories are asked in later years. The only income category that is comparably
deﬁned across all years in our analysis is wage and salary income. Ideally, to separate income
eﬀects from labor supply eﬀects, hourly wage is needed. Information on weeks and hours
worked is, however, not consistently available. The variable “weeks worked in the previous
year” is continuous in all years except in 1960 and 1970 where it is documented in intervals.
The variable “hours usually worked per week in the previous year” is not available before
1980. This is the same problem Mincer and others faced and therefore, we construct the
measure of individual income based on individual’s annual wage and salary income, as did
Mincer.14 To ensure comparability across years, we also adjust the wage for inﬂation using
the adjustment factors provided by IPUMS.15 Individuals with negative income are excluded.
Moreover, the wage variable is top-coded with diﬀerent topcodes across years. Therefore, we
create a dummy variable, equal to one if income exceeds the topcodes and zero otherwise,
that is included in the analysis whenever appropriate.16
Another issue is that schooling is not measured in a consistent fashion over time. Prior
to 1990, the census asked individuals how many grades of school or years of college they
had. Starting from 1990, however, the census and ACS asked individuals about the highest
grade or diploma completed. Moreover, grades completed below 9th grade are reported in
three-year intervals. Following the literature (e.g. Lemieux and Card, 2001), for data from
1990-2005, we replace these intervals with midpoints.17 Our deﬁnition of potential working
experience equals current age minus years of schooling minus 6.18 Negative values are recoded
as zero.
After the initial estimation, a number of other variables are used to further investigate
potential heterogeneity in the return to education both across and within groups. These
13Actual experience is not available in the data required for this study. Further we concentrate only on males
for which potential experience mimics actual experience very well. In addition, the preponderance of current
rate of return studies use potential experience which enables comparison between our results and others’.
14Any values exceeding 999999 are recoded as missing values.
15See IPUMS website for consumer price index adjustment factor for each year http://usa.ipums.org/
usa-action/variableDescription.do?mnemonic=INCTOT.
16See IPUMS wesbiste for topcodes for each year http://usa.ipums.org/usa-action/codes.do?mnemonic=
INCWAGE.
17The coding scheme is as follows. No schooling completed (0); Nursery school (0); Kindergarten (0); 1st to
4th grade (2.5); 5th grade to 8th grade (6.5); 9th grade (9); 10th grade (10); 11th grade (11); 12th grade, no
diploma (12); High school graduate (12); Some college (13); Associate degree (14); Bachelor’s degree (16);
Master’s degree (18); Professional degree (20); Doctorate degree (20).
18It is also possible to treat age and experience as discrete variables in our estimation procedures. However,
to anchor our results to previous studies, we treat these variables as continuous.
12variables include a dummy variable indicating whether or not the worker is an immigrant,
a dummy variable indicating self-employment status, region dummy variables (Midwest,
South, West, and East), a dummy variable indicating whether or not there are any children
younger than ﬁve in the household, a dummy variable indicating if an individual is married,
and dummy variables indicating whether an individual is white or if an individual is black.
4.1 Sample size
Nonparametric estimates are desirable because they are able to obtain a separate estimate
for each unique set of realizations of the regressors. One down side to this type of estimation
is the computing time. Estimating the bandwidth vector is extremely computationally ex-
pensive. Further, we plan to consider many regressions for many years. In order to minimize
the computing time we chose to only sample 25,000 observations for any particular regres-
sion.19 Thus, the samples (likely) do not include the same individuals across regressions, but
we have the same individuals when comparing across estimation techniques (parametric vs.
nonparametric). We also ran the results for some models with much larger data sets and did
not ﬁnd signiﬁcantly diﬀerent qualitative results. These are available upon request.
4.2 Sensitivity to Labor Supply Eﬀects
We focus on annual wage and salary income since information on weeks and hours worked
is not consistently available across years. Because individuals with more education may also
work more, we re-estimate our models using hourly wages for those years when this variable is
available. The main conclusions are qualitatively unchanged, and are therefore omitted but
are available upon request. In the interest of brevity, we simply highlight the main diﬀerences
between the two potential left-hand-side variables before going on in the next section to
describe the annual wage and salary results in detail. First, both median estimates and the
dispersion of rates of return based on annual wage are in general larger than those based on
hourly wage, conﬁrming our hypothesis that education and hours worked may be positively
correlated. Second, we also ﬁnd that in 1990, individuals aged 30-39 had the highest rate
of return. Moreover, while individuals aged 30-39 had the smallest dispersion of the return
to education in 1940, 1980, and 1990, individuals aged 20-29 had the smallest dispersion
in 2000 and 2005. Finally, third, we also ﬁnd that the convergence in the rates of return
19There are a few cases when IPUMS did not have 25,000 observations for a particular group. Speciﬁcally,
these were for the sample of Black (1940-1970), Single (1950), Immigrant (1950-1970), 20-29 (1950), 30-39
(1950), 40-49 (1950) and 50-59 (1950). In these cases we took the entire sample available in IPUMS.
13between immigrants and natives continued, and that eventually the return to education for
immigrants exceeded that for natives by 0.6 percentage points in 2005. Otherwise, the results
are qualitatively similar.
5 Results
Table 1 gives the baseline parametric and nonparametric results over time both for the pooled
sample and for speciﬁc groups. All regression estimates in bold are those that are signiﬁcant
at (at least) the 10% level. Tables 2 and 3 give the breakdown by cohort for the same groups
in the previous table. Finally, Table 4 gives schooling rate of return estimates by education
level. We report the median of the nonparametric returns in all the tables, as they are
the most comparable to the parametric results.20 However, given that our nonparametric
estimates are speciﬁc to a given value of x, we present the coeﬃcients of variation of the
returns as well in the lower panel (Panel B.2). Figures 1-5 complement these tables by
displaying the density plots of the estimates for both the pooled sample and speciﬁc groups
over time.
5.1 Pooled results
We ﬁrst present the pooled parametric results separately for 1940 to 2005 in the ﬁrst column
of Table 1, Panel A. Regression estimates imply an undoubtedly positive return to education
in the labor market, ranging from 8% to 13%. The results reﬂect the long-run trend in rates
of return to education. Comparing the estimates from 1950 with those from 2005, the results
indicate an increase in the return to education of 4 percentage points in the past ﬁfty years.
The increase was, however, not monotonic over time; the return to an additional year of
schooling increased from 8.4% in 1950 to 9.1% in 1960, then fell to 8.3 in 1970 and further
to 8% in 1980. Afterwards, the rate of return started to increase in 1990, stagnated in 2000,
and continued to increase in 2005.
Turning to the nonparametric estimates (the ﬁrst column of Table 1, Panel B.1), we
ﬁrst notice that each of the median estimates is large and positive. Unlike their parametric
counterparts, nonparametric results show a clear monotonically increasing trend since 1950;
the estimate was 8.2% in 1950 and then increased to 9.3% in 1960. Afterwards, the number
20We give the median value of the estimated partial derivative of the conditional mean with respect to schooling
of the nonparametric estimates. The median is a more robust measure as the mean is sensitive to outliers.
Further, we present the entire distributions in Figures 1-5.
14remained relatively constant, from 9.3% in 1960, to 9.4% in 1970, and to 9.6% in 1980. The
rate of return started to grow more quickly in 1990; the return was 13.3% in 1990 and rose
to 14.3% in 2005.
Both parametric and nonparametric estimates indicate lack of signiﬁcant growth during
the period of 1960 - 1980. To those unfamiliar with the literature, this can be partly explained
by at least two phenomenon during the same period. First, there was a sharp increase in
the supply of educated workers during that time period (Angrist and Chen, 2007). Second,
the recessions in the 1970’s and early 1980’s likely decreased the demand for labor.
While these trends are more or less consistent with the literature (Goldin and Katz,
1999; Card and Lemieux, 2001), the nonparametric estimates of the returns to education
across years indicate that there are two important features of the trends that are masked
by the parametric OLS estimation. First, comparing the parametric and nonparametric
results (assuming functional form is the only issue) indicates that the linearity assumption
imposed in the parametric estimation leads to underestimated rates of returns across years,
except in 1950. For example, the parametric estimate of the rate of return is 10.8% in
2000 while its nonparametric counterpart is 13.5% – a diﬀerence of 2.7 percentage points.
Moreover, the discrepancy between parametric and nonparametric results also imply that,
although the growth of the rate of return to education slowed down in the 70’s and early 80’s,
the overall negative impact on the labor market (sharp increase in the supply of educated
workers and the recession during the same period) may be exaggerated due to potentially
biased parametric estimates.
Second, although lack of signiﬁcant growth during the period of 1960 - 1980 suggests that
worsened economic conditions during the same period may contribute to this phenomenon,
there is, however, no reason to believe that a recession will aﬀect younger and older, or
black and white, or native and immigrant workers equally. Imposing constant returns to
education as in OLS estimation ignores such a problem. Partly for this reason, we examine
potential heterogeneity in the rate of return to education. Recall that the nonparametric
estimation method allows us to obtain observation-speciﬁc returns to education for each
individual. We report two sets of results regarding the distribution of returns to education.
First, Table 1, Panel B.2 shows the dispersion of the returns to education. Not only does
this measure indicate the existence of heterogeneity in returns to education within each year;
it also provides an important indicator of the extent of underlying potential uncertainty for
educational investment. We can see that the dispersion of the returns to education was
steadily declining, from 0.872 in 1950 to 0.373 in 2005. This result conﬁrms the fact that
15changes in economic conditions impact individuals diﬀerently. Second, given the observation-
speciﬁc estimates obtained, Figure 1 plots the densities of the nonparametric estimates.
None of these densities appear to be normal and there appears to be a signiﬁcant amount of
skewness.21 Speciﬁcally, there are many individuals whose rates of return lie to the right of
the mode(s). Another interesting observation is that while the dispersion of the distribution
has decreased over time, there are still two large extremes across years. First, a small
fraction of estimates lie below zero. These density plots imply that while the majority of the
population certainly beneﬁts from education, some individuals get no beneﬁt at all or even
have negative rates of return. Second, some individuals receive much larger rates of return
than others. Later we will investigate the characteristics of individuals receiving extremely
low (bottom 5%) and high (top 5%) rates of return to education in more detail.
5.2 Sample splits
As discussed above, it is naive to believe that all groups of individuals receive the same
rate of return to education. One way for parametric estimation to allow for heterogeneity
is to estimate the model for diﬀerent sub-samples, separately. Thus, as opposed to taking
a random sample of 25,000 workers from the population, we take 25,000 observations for
those belonging to each speciﬁc group of interest. Speciﬁcally, we consider four age groups,
two racial groups, as well as splits (stratiﬁcations) by immigration status.22 Again, for
each of these ten groups we sample 25,000 observations each year. We then run OLS and
nonparametric regressions on each (cross-sectional) group separately for each year and report
the results in Table 1 (columns 2-9).
5.2.1 Age groups
The second through ﬁfth columns of Table 1, Panel A present the parametric results for
four age groups (20-29, 30-39, 40-49 and 50-59). We again ﬁnd a large, positive return to
education, that is both economically and statistically signiﬁcant. The estimates vary from
about 6% to about 19%. In line with the pooled parametric results above, the results also
show that there has been a long-run increasing trend in the return to education, although
such a trend is non-monotonic. The return to education is higher for younger workers than
older workers, and there is a monotonic decline in the return to education as age increases.
21Formal tests for these type of phenomena can be found in Chapter 12 of Li and Racine (2007).
22We also estimate the models separately for marital status. These results also show large heterogeneity in
returns to education and thus are omitted but available from the authors upon request.
16For example, in 1940, the return was as large as 18.8% for workers aged 20-29 and fell to
14.3% for workers aged 30-39, to 10.8% for workers aged 40-49 and ﬁnally to 8.1% for workers
aged 50-59. Similar patterns are also found for other years. Another feature is that the gap
in the return to education between younger and older workers has generally been widening
(but not consistently) over time since 1950. For example, the diﬀerence in the return to
education between workers aged 20-29 and workers aged 50-59 increased from about 4.5%
in 1950 to roughly 10.9% in 2005.
In Table 1, Panel B.1, columns 2-5 give the median of nonparametric estimates of rates
of return to education by age group. There are substantial discrepancies between the para-
metric and nonparametric results. First, during the period 1940 – 1960, the nonparametric
estimates are in general larger than the parametric estimates, conﬁrming the pooled results
above. However, during the period 1970-2005, we ﬁnd that the nonparametric estimates
are consistently smaller than the parametric ones for individuals aged 20-29; and that the
nonparametric estimates are in general larger than their parametric counterparts for older
workers. Altogether, the results imply that the wage structure may be diﬀerent for younger
workers; and that the wage structure could change over time. Imposing a linear wage struc-
ture could thus lead to either downward or upward biased estimates in the rates of return
to education, depending on the underlying wage structure. These highlight the importance
of employing the nonparametric estimation method which is free of restrictive assumptions
on the functional form.
Second, as mentioned, one point of interest is the drop in rates of return in 1980. We
argued that the decline can partially be explained by both an inﬂux of educated labor and
the relatively weak economy. We consistently ﬁnd that younger and older workers were not
impacted equally by the worsened labor market conditions during the period 1970-1980. In
particular, the most impacted group was individuals aged 20-29 (a decrease of 2.2 percentage
points), followed by individuals aged 50-59 (a drop of 1.3 percentage points). Individuals aged
40-49 were hardly aﬀected, and those aged 30-39 actually had an increase of 2.1 percentage
points. The individuals aged 20-29 were also most aﬀected by the draft (Angrist and Chen,
2007) and have the least work experience to fall back on. The large drop for older workers
(50-59) is likely related with retirement trends (Soldo, Mitchell, Tfaily, and McCabe, 2006;
Clark and Mitchell, 2005). Comparing these results with their parametric counterparts, we
can see that the detrimental impact of worsened labor market conditions on young workers
is underestimated.
In addition to between-group heterogeneity across age groups, we also ﬁnd a large within-
17group heterogeneity in returns to education, which cannot be revealed by the OLS parametric
estimations. In particular, we ﬁnd that the dispersion of the return to education is consis-
tently larger across years for individuals aged 20-29 than that for older groups. The pattern
of the dispersion across groups is, however, unclear. In particular, while individuals aged
30-39 had the smallest dispersion of the return to education in 1940, 1960, 1990, and 2005,
individuals aged 50-59 had the smallest dispersion in 1950, 1970, 1980, and 2000. Figure
2 displays the density plot of these estimates. The plots show that the densities are more
likely to cover both negative and positive values for younger workers (aged 20-29) than older
workers.23 In other words, additional education could be harmful to some young workers.
For example, approximately 20% of workers aged 20-29 received negative returns in 1990. On
the other hand, a large fraction of individuals aged 20-29 received extremely large positive
returns. For example, in 1990, the maximum return for individuals older than 30 was 20%,
whereas roughly 10% of individuals aged 20-29 had returns higher than 20%. Moreover, the
densities for younger workers, in general, appear to be ﬂatter and to have fewer modes.
5.2.2 Race
The parametric results for white and black workers are presented in the next two columns of
Table 1, Panel A. While we continue to ﬁnd a positive return to education for both groups,
years of schooling are rewarded diﬀerently for white and black workers. Except in 1940,
black workers consistently enjoy larger rate of return beneﬁts than their white counterparts
(Welch, 1973; Card and Krueger, 1992). Another point is noteworthy. We continue to ﬁnd a
long-run, although non-monotonic, increasing rate of return for white workers. The pattern
for black workers is, however, not consistent with the pooled results above. In particular,
while we also ﬁnd a slight drop in 1970, rates of return quickly started increasing again, from
10.1% in 1980, to 13.2% in 1990, and to 15.9% in 2005.
Moreover, this increase for black workers is also larger than that for white workers.
Despite the increasing trend for black workers, there existed a gap in the rate of return to
education between black and white workers. The gap tended to converge before 1970, but
started to diverge after 1970. For example, the diﬀerence in return to education between
black and white workers was 1.4% in 1950, and slightly decreased to 1.3% in 1970, but rose
to about 4% in 2005.
Turning to the nonparametric estimates, we again ﬁnd that black men have higher rates
of return than do white men, with the largest disparity being 10 percentage points in 2005.
23This likely partly reﬂects those young people who are working, but still in school and those just out of school.
18Comparing parametric and nonparametric results, several discrepancies stand out. First, for
both blacks and whites, parametric estimates are generally smaller than their nonparametric
counterparts, indicating that the parametric estimates are downward biased. Second, even
though, similar to the parametric results by race, we again ﬁnd that the time trends for both
blacks and whites are not consistent with the time trend from the pooled nonparametric
results – where there exists a clear monotonically increasing trend since 1950 – the impli-
cations of the diﬀerences between stratiﬁcation and pooled results are completely diﬀerent.
On the one hand, the parametric results suggest that both black and white workers were
aﬀected during the period 1960-1970, but that whites were more impacted by the worsened
labor market and economic conditions than blacks, consistent with the literature (see, e.g.
Kniesner, Padilla and Polachek, 1978). On the other hand, the nonparametric estimates
suggest the opposite. In particular, black workers were not at all impacted during the period
1960-70. Instead, there was a steady increase in their returns to education during this pe-
riod. Furthermore, although white workers were impacted during the period, the magnitude
of the impact is exaggerated by the parametric estimates. Finally, the nonparametric esti-
mates suggest that black workers, on average, were impacted negatively in 2000 (possibly by
the dot-com crash), a fact masked by the parametric estimates. In particular, the returns to
education decrease from 20.5% to 19%, a decrease of 1.5 percentage points.
Nonparametric estimates allow us to obtain the distribution of returns to education for
both blacks and whites. Looking at the results for the dispersion of the returns to education,
we conﬁrm that there exists a large heterogeneity in returns to education even within each
racial group. Another surprising yet interesting result arises. We ﬁnd that the dispersion
of the return to education is smaller (larger) for blacks than for whites during the period
1960 – 1990 (1940 – 1950 and 2000 – 2005). In other words, not only were black workers less
impacted by worsened economic situations, on average; they were also facing less uncertainty
in the labor market in the bad economy! A complete characterization of the distribution
of returns to education across racial groups is displayed using the density plots of these
estimates in Figure 3. The results indicate that in most years, there existed some whites
having negative rates of return. For example, in 1980, 15.2% percent white workers had
negative returns. On the other hand, there was only a small fraction of blacks receiving
negative returns, except in 1950 (roughly 7 percent). Another ﬁnding is worth mentioning.
Since 1980, there has been a considerably large fraction of blacks receiving extremely large
positive returns. For example, in 2005, 25 percent of black workers received the return of
more than 30%. In the same year, about 20 percent of blacks had the maximum return
19received by whites (33.2%).
5.2.3 Immigration status
The parametric results by immigration status are presented in the ﬁnal two columns of Table
1, Panel A. The results indicate that the rate of return to education is considerably lower
for immigrants than for natives (Chiswick, 1978; Chiswick and Miller, 2004; Rivera-Batiz,
2007). For example, in 1940, while the return to education for natives is as large as 15%, it
is only 6% for immigrants. Patterns for immigrants and natives also diﬀered. In particular,
rates of return for immigrants increased monotonically. The rates of return for natives ﬁrst
increased in 1960, but then decreased in 1970 and 1980, although the rates of return started
increasing again in 1990. Because of such diﬀerent patterns between immigrants and natives,
the growth in the rate of return to education for immigrants was much faster than that for
natives before 1990, closing the gap to some extent over time. In particular, the diﬀerence
was about 4 percentage points in 1950, but fell to 0.2 percentage points in 1980. After 1990,
the growth slowed down for immigrants but rose for natives, leading to a larger gap of nearly
4 percentage points in 2005.
The ﬁnal two columns of Table 1, Panel B.1 present the nonparametric results by im-
migration status. First, the nonparametric results indicate that the median return to edu-
cation is lower for immigrants than for natives in all years, consistent with the parametric
results. However, we notice that for immigrants, parametric estimates are smaller than their
nonparametric counterparts. Such a discrepancy indicates that the return to education is
consistently underestimated for immigrants in the parametric model.
Nonparametric results also show a diﬀerent picture of the trend over time. Except in 1940,
the return to education was relatively stagnant for natives during 1950 – 1980, whereas there
was a steady increase for immigrants from 1950 to 1980; eventually the gap in the return to
education between immigrants and natives was narrowed to .1 percentage points. However,
such a trend did not persist. After 1980, the gap between immigrants and natives appeared
again; the gaps were about 2 percentage points in 1990 and 2005. Second, while the return
to education for both immigrants and natives fell in the 1970’s and early 1980’s, the timing
is diﬀerent; the decrease occurred in 1970 for natives and in 1980 for immigrants. Such a
diﬀerence implies that the economic conditions impacted immigrants and natives diﬀerently.
Third, the dispersion of the rates of return to education is in general larger for immigrants
than for natives. Although education acquired abroad (i.e. out of the U.S.) is not directly
transferable for all immigrants, because education quality or curriculums vary greatly across
20countries, the extent of transferability may also be diﬀerent across the countries of origin
(Friedberg, 2000).24 This implies that returns to education can diﬀer among immigrants. On
the other hand, although quality and curriculums also vary across states within the U.S., the
variation of quality or curriculums for education received in the U.S. should be much smaller
relative to the variation for education received abroad in general. As a result, although there
exists heterogeneity in returns to education for both immigrants and natives, the observed
dispersion of the returns to education is, however, larger for immigrants than for natives.
In terms of the density plots (Figure 5), two points stand out. First, the densities
were more likely to cover the negative regions in early decades than in recent decades. For
example, approximately 37 percent of immigrants had negative rates of return in 1950, but
only 1.4 percent of immigrants had negative rates of return in 2000 and 2005. Taking a look
at the second panel of Table 3 shows that the dispersion of the rates of return to immigrants
dropped dramatically after 1980 and thus likely explains this result. However, the question
remains as to why this dispersion fell. Second, while the dispersion is generally larger for
immigrants than for natives (except in 1980 and 2000), immigrants are less likely to exhibit
large returns than natives.
5.3 Cohort results
Comparison between age groups in a particular year may not necessarily reﬂect the life cycle
pattern for returns to education. A better understanding of the life cycle pattern can be
obtained by tracing the return to education for the same (synthetic) cohort over time (Card
and Lemieux, 2001). The results for cohorts by group are presented in Tables 2 and 3.
5.3.1 Race
The parametric results by race are presented in the Panel A of Table 2. First, we again see
that younger workers have higher returns to education than older ones, consonant with the
results above. Also, comparing the results for black workers with those for white workers,
we again ﬁnd that education is in general more rewarding for black workers than for white
workers. But we do ﬁnd three exceptions where older black workers have slightly lower
24For example, using a research design similar to the existing literature for other countries such as U.S.,
Pischke and von Wachter (2008) ﬁnd zero returns to an additional year of compulsory schooling, in stark
contrast to the literature. Their results suggest the contents of the curriculums diﬀer across countries; in
particular, German students may be much better prepared in basic labor market relevant skills before the
end of compulsory schooling (9th grade) than students in other countries such as U.S. and U.K..
21returns to education than do their white counterparts. For example, black individuals aged
50-59 received 4.9% while their white counterparts had 5.4% in 1980.
Second, looking at the return to education for the same cohort over time (diagonals), we
ﬁnd that the return to education for the same cohort is, in general, higher in their 20’s than
in their later lives. Such a result holds for both black and white men. The exceptions are
mostly for those in 1980 when a decline in the rate of return to education occurred. Such
exceptions are masked by comparing the age groups in the same year, and thus highlight the
importance of looking at the cohort eﬀects.
The decline in the rate of return to education over the life cycle is usually larger for
blacks than for whites. While the diﬀerence between black workers in their 20’s and the
same cohort in their 50’s is around 6%, the diﬀerence between white workers in their 20’s
and the same cohort in their 50’s is roughly 4%.
The nonparametric results by race are presented in the Panel B of Table 2. Again,
splitting the results further by age groups reveals that the advantageous situation in the
labor markets for blacks mainly comes from younger blacks (aged 20-29 and 30-39). For
individuals in these groups, blacks generally have higher rates of return. On the other hand,
compared to the parametric results, we ﬁnd more exceptions for older individuals (aged 40-49
and 50-59) where whites actually enjoy larger beneﬁts from education than blacks.
We again ﬁnd that individuals generally have larger rates of return when they are in
their 20’s than when they are in their 50’s, consonant with the parametric results above.
This result holds for both blacks and whites. However, the pattern of decline is diﬀerent for
blacks and whites. The decline in rates of return over the life cycle appeared to be monotonic
for blacks, although there existed two exceptions in 1970 and 1980. The exceptions could
be explained by the fact that individuals were impacted by the worsened labor market and
economic conditions during the period. For whites, the pattern is non-monotonic. For white
workers aged 20-29 in 1970 and 1980, the monotonic decline over the life cycle did not start
until their 30’s; since they were more likely impacted by the worsened economic conditions
at the time, rates of return were relatively low to begin with. For white workers aged 20-29
in 1940 and 1950, rates of return appeared to decline when they were in their 30’s, but
increased in their 40’s, and eventually declined again in their 50’s. Moreover, comparing the
rates of return in individuals’ 20’s and 50’s, we again ﬁnd that the rates of return in general
decline faster for blacks than for whites.
Comparing the cross-sectional and cohort-based estimates, we ﬁnd that the cross-sectional
estimates in general overestimate the decrease in the return to education over the life cycle
22for both whites and blacks.
5.3.2 Immigration status
The parametric results by immigration status are presented in the Panel A of Table 3. First,
both the cross-sectional (Table 1) and cohort-based (Table 3) estimates indicate a decrease
in the return to education over the life cycle. However, the cross-sectional approach seems
to overestimate (underestimate) the magnitudes of the decline for immigrants (natives).
Second, consistent with the results above, the estimates imply that the rate of return to
education is in general lower for immigrants than for natives. Third, the results indicate
that the life cycle decline in the rate of return to education is smaller for immigrants than
for natives.
The nonparametric results by immigration status are presented in the Panel B of Table
3. We again ﬁnd that natives in general have a larger return to education than immigrants.
However, the implied patterns over the life cycle are diﬀerent for natives than for immigrants,
which is masked by the parametric results. For natives, we generally ﬁnd a declining return
to education over the life cycle, although the pattern is not necessarily monotonic. By
contrast, for immigrants, the pattern is in general reversed. Not only are there quite a few
cases where individuals have lower rates of returns in their 20’s than those in their 50’s;
there also appears to be some cases where the rates of return increased over the life cycle
and peaked in their 40’s. This is an interesting result. There are two possible explanations.
First, it may be explained by changing composition of immigrants over time. For example,
immigrants who do not perform well in the labor market (e.g. have low returns to education)
may return to their home countries, because of the bleak earnings prospect in the U.S. As
a result, the increase in the returns to education over time may simply reﬂect the fact that
individuals with better economic gains stay in the U.S. Second, this result could also be
explained by immigrants’ assimilation process. Upon arrival in the U.S., immigrants have
lower returns to education because their education is not easily transferable; assimilation
to the local society – either by learning the culture or by acquiring U.S. education – can
increase the return to home-country education among immigrants. For example, Friedberg
(2000) ﬁnds that “acquiring additional education following immigration appears to confer a
compound beneﬁt by raising the return to education acquired abroad.”
235.4 Results By Education Level
A question of interest is whether there exists diminishing returns to education, which implies
that the rate of return is a monotonically decreasing function of education level. In order to
investigate this question, we run the same parametric regressions augmented by interaction
terms between years of schooling and a set of dummy variables (High school and below,
High school, some college, and college and above) separately for each year. The results
are presented in Table 4. The patterns varied widely across years; none of the results
was completely consistent with the pattern implied by diminishing returns to education,
although we do ﬁnd that rates of return for individuals with education below high school
are consistently larger than those with college education and above. However, the restrictive
linear form imposed in parametric estimation could be a possible reason why we do not see
a clear pattern here.
Turning to nonparametric results, we again consistently ﬁnd that individuals with college
education and above have lower rates of return than those with education below high school.
These results are more or less consistent with the pattern implied by the hypothesis of
diminishing return to education. Comparing the parametric and nonparametric results, rates
of return for individuals with college education and above are consistently overestimated in
the parametric estimation when imposing the linear form in parametric estimation, impeding
us from seeing the underlying patterns.
One may suspect that the pattern found here may be attributed to the labor supply
eﬀects of education level. Thus, we also conduct the same analysis by years of school when
information on hourly wages is available. The results are not sensitive to adjusting for labor
supply eﬀects, although the adjusted estimates are in general smaller than the estimates
without adjustment, as expected. The results are thus omitted here but available from
authors upon request.
We also uncover a large heterogeneity in returns to education within each education
level. There are two possible explanations. First, it could be due to “sheepskin eﬀects”.
Given the same years of schooling, some individuals may have diﬀerent degrees (see, e.g.,
Park, 1994, Table 3). Second, this could be better understood using Becker type of optimal
schooling model: an individual’s optimal schooling is determined by their potential returns to
education (beneﬁts) as well as their marginal costs. Two individuals with diﬀerent marginal
returns to education could choose the same level of education because they face diﬀerent
educational costs. As a result, even for individuals with the same level of education, returns
to schooling could be diﬀerent.
246 Extreme returns
The ﬁnal set of results are found in Tables 5 and 6 which look at the characteristics of
individuals who possess extremely large and small returns in order to ﬁgure out which char-
acteristics of individuals are more likely to be associated with extreme returns to education.
As we have seen above, there exists considerable heterogeneity both across groups and within
groups. Some individuals enjoy much greater rewards to education than others. Some indi-
viduals are disadvantaged in the labor market, receiving extremely low returns to education.
Even more dramatic is the discovery of negative rates of return to education for some indi-
viduals.25 In this sub-section we attempt to uncover who possess extreme values of rates of
return and what characteristics they have in common.
6.1 Who is Among the Top 5%?
The lengthy Table 5 tries to uncover whether particular groups have extremely large rates of
return to education (the top 5% of the distribution of rates of return) with respect to other
characteristics. Each element in the table represents the percentage diﬀerence for the top
5% of people in the column group who have the row characteristic from the bottom 95% of
people in the column group who have the row characteristic. Speciﬁcally, we take the average
of the characteristic (the percentage of people in that group who have that characteristic)
for the people in the top 5% and subtract the average of the characteristic for the people in
the bottom 95% and test the signiﬁcance (t-test) of that diﬀerence. For example, the ﬁrst
element in the table says that in 1940, for people aged 20-29, the diﬀerence in the percent
married between those whose rates of return are extremely large and the percent married for
those whose rates of return are extremely low is 15.8 percentage points. In other words, for
those people aged 20-29, marrieds are more likely to have a larger rate of return to education.
Further, this diﬀerence is signiﬁcant at (at least) the 10% level given that the value is in
bold.
The pattern for age groups is generally consistent over time. In particular, we ﬁnd that
the youngest individuals (aged 20-29) are more likely to have much larger rates of return
(positive values in Table 5); and that older individuals are less likely to have extremely large
25Although there is much anecdotal evidence (for example, Ph.D.’s driving taxi’s), to the best of our knowledge,
we believe that no one has discovered negative rates of return to education for at least some individuals within
the population. That being said, an occasional negative rate of return to education with nonparametric
methods should not be alarming or out of the ordinary given the small sample biases of nonparametric
estimators. However, if we ﬁnd a large proportion of the estimates to be negative, this would suggest that
these negative rates do exist.
25return to education (negative values in Table 5). This result is expected given the results
for the cohorts.
There seems to be no consistent pattern for the association of having a young child with
the probability of receiving extremely large rates of return across groups. But there are
several interesting results noteworthy for certain groups over time. First, individuals in their
30’s and 40’s that have a child under the age of ﬁve are less associated with a large rate of
return, although there are a few exceptions (1960 and 1970 for individuals aged 30-39 and
1940, 1950, and 1980 for those aged 40-49). On the other hand, the pattern for the youngest
(aged 20-29) and the oldest (aged 50-59) cohorts is clearer. We generally ﬁnd that younger
individuals having a child under age 5 are less associated with larger beneﬁts of education,
whereas older workers who have a young child are more likely to exhibit a large rates of
return to education.
Second, the diﬀerence for immigrants was positive during the period 1940-1980 and turned
negative after 1980, implying that having a young child makes it less likely immigrants exhibit
large rates of return in recent years.
Consistent with the results above, blacks in general more readily receive much larger
rates of return, although there appears to be some exceptions, most of which happened
in 1970 and 1980. Another interesting ﬁnding is worth mentioning. Unlike their native
counterparts, black immigrants enjoy large rates of return to a lower degree, putting them
in a disadvantaged situation in the labor market.
Being an immigrant is not associated with a lower probability of receiving a large rate
of return for groups such as individuals aged 20-49 during 1940-1980. Such a results is not
necessarily conﬂicting with the results above where the median returns for immigrants are
in general smaller than natives. This perhaps reﬂects the large dispersion of rates of return
received by immigrants.
Finally, we have an interest in the region of origin for the immigrants and how this aﬀect
the probability of having extremely large rates of return. We considered several regions,
but report results for the America’s, Europe and Oceania, and Asia. We consistently ﬁnd
that Asian immigrants more readily have extremely large rates of return, and that this
diﬀerence was generally statistically signiﬁcant. Before 1970, if the immigrant came from the
America’s, then they were more likely to have a large rate of return. However, the diﬀerence
has gradually decreased over time and eventually turned negative in 1970. After 1970, an
immigrant from the America’s became less likely to have larger returns. On the other hand,
immigrants from Europe and Oceania were less likely to have larger returns before 1990
26and had become more likely to enjoy greater returns since then. This diﬀerence was again
generally signiﬁcant. The pattern may reﬂect the changing composition of immigrants from
diﬀerent continents over time.
6.2 Who is Among the Bottom 5%?
The counterpart Table 6 tries to uncover which groups have extremely low rates of return to
education with respect to other characteristics. We consistently ﬁnd that older individuals
(aged 50-59) are more likely to have extremely low rates of return (negative values in Table
6), and that individuals aged 30-39 are less likely to possess extremely low rates of return
(positive values in Table 6). For other cohorts (aged 20-29 and 40-49), the result is less
clear. During the period 1950-1970, individuals aged 20-29 are in general more likely to have
extremely low rates of return, but starting in 1990, individuals aged 20-29 became less likely
to be among the lower tail of the distribution of rates of return. Conversely, in the early
years (1950-1990, except 1980), individuals aged 40-49 are less likely to receive extremely low
rates of return, but during the period of 2000-2005, the probability of obtaining low rates of
return increased for individuals aged 40-49.
For individuals aged 30-59, having a child under age 5 made it more likely to exhibit
extremely low rates of return. On the other hand, having a child seems to be beneﬁcial
for other groups, for they are in general less likely to possess extremely low rates of return,
except for individuals aged 20-29 in 1940 and whites in 2005. In contrast to the results for
the top 5%, the results for blacks do not show a clear pattern, although we consistently ﬁnd
black immigrants are less likely to receive extremely low rates of return. For other groups,
the results are mixed, especially during the period 1940-1970.
We ﬁnd that immigrants are generally more likely to receive extremely low rates of
return. Although there appears to be some exceptions for individuals aged 20-29, those aged
50-59, and singles (negative values in Table 6), most of the exceptions are not statistically
signiﬁcant. Finally, we do not ﬁnd a consistent association between the region of origin for
the immigrants and the probability of having extremely low rates of return for immigrants
from Europe and Oceania and Asia. On the other hand, immigrants from the America’s are
in general more likely to possess low rates of return, except in 1940 and 2005.
277 Where do we go from here?
The point of this exercise was to showcase heterogeneity in the rate of return to education
and to attempt to uncover who had a higher rate of return. Also, during this exercise we
found that a signiﬁcant proportion of the rates of return were very small or even negative. We
further attempted to ﬁgure out which groups were most represented among those obtaining
negative rates of return as well as who garnered the highest rates of return.
Further research should focus on allowing for the possibility of these heterogenous eﬀects
and uncovering why particular groups diﬀer in terms of their rates of return to education.
Also, we think more emphasis should be placed on heterogeneity within groups as opposed
to solely across groups. In a related paper by Card and Krueger (1992), they examine
how returns to education vary across states and cohorts and demonstrate how diﬀerences in
school quality across states could help explain the observed heterogeneity in the returns to
education. In particular, they proceed in two steps like ours. They ﬁrst estimate very general
models of earnings function (including the interactions of various geographical variables
such as state-of-birth and region-of-residence with education) to obtain heterogeneous rates
of returns to education and then link various measures of school quality to explain these
estimates. Even though the models are relatively ﬂexible, one of the disadvantages of their
method is that they eliminate within-group heterogeneity in returns to schooling, which we
show to be quite large in our analysis. Thus, using our estimates of returns to education
(taking into account within-group heterogeneity) could shed further light on the relation
between heterogeneous returns and potential causes such as school quality. It has been
argued in this paper that recessions caused a drop in the rate of return to education in 1980.
This suggests that labor demand related variables as well as region/state eﬀects may also be
useful in uncovering the true rates of return to education. Finally, research should also be
conducted to see how these results diﬀer in other developed as well as lesser developed and
emerging countries.
One of our main ﬁndings is that individuals from disadvantaged groups tend to have
larger returns to education, on average. This ﬁnding itself is not novel (see, e.g. Brand and
Xie, 2010; Card and Krueger, 1992; Welch, 1973). Individuals from disadvantaged groups
may be more likely ﬁnancially constrained, and the large returns to education may reﬂect
the large educational costs (Card, 2001). In addition, Brand and Xie (2010) hypothesize
that negative selection mechanism, as opposed to positive selection mechanism in economics,
28for education may explain this result.26 Individuals from advantaged backgrounds are more
likely to receive higher education, and for this group, higher level of schooling is “a culturally
expected outcome”. Thus, compared to individuals from disadvantaged groups, those from
advantaged backgrounds are more likely to receive smaller returns to education, on average.
We, however, also ﬁnd a large heterogeneity in returns to education even within these ad-
vantaged groups. This result has two implications for future research. First, is the reward
structure for schooling better for black workers than for white workers? Looking at the
diﬀerence in average returns between racial groups, we would certainly think so. However,
our ﬁnding of a large within-group heterogeneity suggests that this may not be the case.
Comparisons of the returns to education between blacks and whites at the distributional
level perhaps using stochastic dominance tests may thus be useful in this regard. Second,
the within-group heterogeneity in returns to education suggests that more than one selec-
tion mechanisms may be at work. Further investigations of the cause(s) of the within-group
heterogeneity are thus needed and would help us better understand educational decisions
and evaluate diﬀerent theoretical models.
Finally, we want to make some remarks regarding exogeneity. Recent work examining the
rates of return to education often considers potential ability biases and obtains mean rate
of return estimates using instrument variable (IV) estimators. Given the strong evidence of
heterogeneity we ﬁnd in this paper, it is hard to argue that our results will go away once one
corrects for the ability bias. For example, Harmon et al. (2003) argue that “ability bias and
measurement error more or less cancel out so there is no advantage to IV”. And the ability
bias does not necessarily impact the whole distribution of rates of return the same way as
it may impact the mean return. Card (2008) also summarizes the literature noting that
existing evidence from IV estimations are not too far away from those obtained using the
simple Mincer approach. In fact, our results present a great challenge to the literature using
the instrument variable approach. The development of econometric literature in instrumental
variable estimation has shown that, in the presence of heterogeneity, one can only identify
the average eﬀects for the compliers, the subpopulation whose treatment is impacted by the
instrument variable used (Imbens and Angrist, 1994); in the current context, the treatment
is years of schooling. Therefore, the estimates obtained using as IVs school reforms or other
similar natural experiments are the average rates of return for those who are most likely
impacted by these instruments (Card, 2001). These estimates could be dramatically diﬀerent
26Positive selection mechanism in Brand and Xie (2010) refers to the mechanism that individuals receiving
larger returns to education would receive more education.
29from those for the rest of the population. For example, the literature generally ﬁnds that
the IV estimates are larger than their OLS counterparts. One of the reasons is that many of
these reforms are enacted to lower the educational costs, and thus the individuals impacted
by the reforms are likely those disadvantaged individuals with relatively high marginal cost
as well as high marginal returns to schooling (Card,1995; Card, 2001). Our results conﬁrm
that disadvantaged groups such as black workers, on average, tend to have larger returns to
education, providing further supporting evidence for the explanation above. However, if the
compliers consist of only a small portion of the entire population, it is not quite clear why
the estimates are of interest at all. To push this issue to the extreme, if one is interested
in obtaining the complete picture of the underlying rates of return, one may soon run into
a very diﬃcult hurdle. Speciﬁcally, it can be argued that an instrument is needed for every
subpopulation. Therefore, combining our methods with an IV approach sounds fruitful, but
even if we are able to obtain an IV for each subpopulation, we still need to pay attention to
potential heterogeneity within each subpopulation.
Another interesting, related question arises: Who are those individuals who are likely
to be impacted and have large returns to education? That is, what characteristics do they
posses? Employing the procedure laid out in Section 6, along with survey data with more
detailed information on personal and family characteristics may shed light on these questions.
Answers to these questions could help design more eﬀective policies aimed at increasing
individuals’ education and improving their labor market performances.
8 Conclusion
In this paper we examined heterogeneity in rates of return to education both across and
within groups by employing a nonparametric approach. Speciﬁcally, we used generalized
kernel estimation to examine the rate of return to education from 1940-2005 using U.S.
Census data. Our results uncovered signiﬁcant heterogeneity both across and within groups.
Many of the results found (on average) were in line with previous studies. For instance, we
found the rate of return to education to be larger for blacks than for whites. However, we
also found inconsistencies. In that same example, we found that the diﬀerence in the rate
of return between blacks and whites (on average) was much larger than previously thought.
Finally, we uncovered that a signiﬁcant portion of the population had very low or negative
rates of returns to education. We attempted to uncover which groups were more likely to
possess this newfound phenomenon. At the same time we tried to ﬁnd which characteristics
30were most common to those with the highest and lowest rates of return.
Overall, we cannot place much emphasis on any particular point estimate from this study.
The rates of return are likely impacted by omitted variables, measurement error and other
econometric and economic issues. Although our results are somewhat raw, they do provide a
springboard for further studies on the estimation of rates of return to education. We suggest
that when estimating Mincer type regressions that authors focus on both heterogeneity across
and within groups. Further, we suggest that future studies also focus on macroeconomic
variables which are likely to have an aﬀect on the perceived rate of return to education.
The Mincer regression case studied here is a speciﬁc case of the general problem of pa-
rameter heterogeneity. Whereas we believe that most economists believe that parameter
heterogeneity exists, it is often ignored in economic papers. We hope that this paper high-
lights the problem suﬃciently to encourage authors to think more about this issue and how
ignoring parameter heterogeneity could be detrimental when issuing policy based on average
behavior.
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36Table 1: Baseline Results for Schooling Rate of Return
Panel A: Parametric Results
Year All 20-29 30-39 40-49 50-59 White Black Immigrant Native
1940 0.129 0.188 0.143 0.108 0.081 0.124 0.103 0.061 0.149
1950 0.084 0.106 0.091 0.079 0.061 0.071 0.085 0.049 0.087
1960 0.091 0.131 0.095 0.084 0.076 0.081 0.093 0.062 0.094
1970 0.083 0.125 0.092 0.085 0.074 0.077 0.090 0.071 0.085
1980 0.080 0.098 0.093 0.078 0.057 0.074 0.101 0.074 0.076
1990 0.107 0.166 0.112 0.102 0.064 0.104 0.132 0.088 0.111
2000 0.108 0.158 0.119 0.090 0.068 0.105 0.135 0.092 0.110
2005 0.123 0.191 0.133 0.117 0.082 0.118 0.159 0.092 0.130
Panel B.1: Nonparametric Results (Median Values)
Year All 20-29 30-39 40-49 50-59 White Black Immigrant Native
1940 0.151 0.201 0.144 0.118 0.107 0.148 0.110 0.078 0.176
1950 0.082 0.118 0.092 0.090 0.070 0.078 0.097 0.042 0.091
1960 0.093 0.144 0.089 0.085 0.080 0.091 0.093 0.058 0.097
1970 0.094 0.108 0.112 0.084 0.073 0.088 0.098 0.083 0.084
1980 0.096 0.086 0.110 0.084 0.060 0.090 0.142 0.082 0.098
1990 0.133 0.149 0.141 0.136 0.097 0.123 0.205 0.110 0.127
2000 0.135 0.137 0.166 0.113 0.070 0.124 0.190 0.114 0.144
2005 0.143 0.163 0.162 0.152 0.090 0.139 0.239 0.124 0.142
Panel B.2: Nonparametric Results (Coecients of Variation)
1940 0.281 0.316 0.158 0.299 0.582 0.411 0.486 0.631 0.312
1950 0.872 1.141 0.665 0.323 0.240 0.628 0.802 4.228 0.387
1960 0.787 0.558 0.365 0.419 0.393 1.010 0.305 1.209 0.597
1970 0.648 0.882 0.320 0.123 0.073 0.833 0.463 1.152 0.653
1980 0.629 1.131 0.288 0.254 0.234 1.111 0.540 0.191 0.916
1990 0.316 1.033 0.275 0.421 0.326 0.698 0.395 0.369 0.242
2000 0.413 0.744 0.305 0.246 0.184 0.294 0.480 0.414 0.536
2005 0.373 0.899 0.191 0.314 0.242 0.375 0.446 0.456 0.376
1 Notes: The results in Panel A are computed from IPUMS data using Mincer (1974) specica-
tion. See text for details.
2 The results in Panels B.1 and B.2 are computed from IPUMS data using a nonparametric
specication. Median rate of return values reported for each indicated group. See text for
details.
37Table 2: Schooling Rate of Return Parametric Estimates by Race
Panel A: Parametric Results
Black
Age Group 1940 1950 1960 1970 1980 1990 2000 2005
20-29 0.134 0.131 0.161 0.157 0.160 0.228 0.210 0.266
30-39 0.108 0.095 0.097 0.092 0.117 0.139 0.149 0.175
40-49 0.089 0.071 0.074 0.084 0.086 0.118 0.112 0.138
50-59 0.082 0.063 0.072 0.077 0.049 0.073 0.095 0.099
White
1940 1950 1960 1970 1980 1990 2000 2005
20-29 0.191 0.091 0.124 0.119 0.089 0.163 0.162 0.201
30-39 0.136 0.079 0.083 0.091 0.083 0.102 0.123 0.140
40-49 0.095 0.066 0.078 0.081 0.073 0.103 0.093 0.115
50-59 0.071 0.050 0.064 0.063 0.054 0.058 0.070 0.065
Panel B: Nonparametric Results
Black
Age Group 1940 1950 1960 1970 1980 1990 2000 2005
20-29 0.130 0.122 0.146 0.174 0.194 0.267 0.184 0.265
30-39 0.111 0.097 0.098 0.098 0.164 0.227 0.242 0.299
40-49 0.100 0.078 0.078 0.072 0.107 0.163 0.199 0.256
50-59 0.077 0.069 0.072 0.069 0.056 0.112 0.144 0.136
White
1940 1950 1960 1970 1980 1990 2000 2005
20-29 0.190 0.092 0.128 0.087 0.066 0.117 0.150 0.209
30-39 0.139 0.083 0.084 0.100 0.128 0.130 0.140 0.150
40-49 0.129 0.070 0.085 0.091 0.096 0.111 0.109 0.127
50-59 0.084 0.055 0.083 0.063 0.064 0.160 0.081 0.084
1 Notes: The results in Panel A are computed from IPUMS data using Mincer
(1974) specication. See text for details.
2 The results in Panel B are computed from IPUMS data using a nonparametric
specication. Median rate of return values reported for each indicated group.
See text for details.
38Table 3: Schooling Rate of Return Parametric Estimates by Immigrant Status
Panel A: Parametric Results
Immigrant
1940 1950 1960 1970 1980 1990 2000 2005
20-29 0.141 0.087 0.082 0.117 0.089 0.117 0.142 0.139
30-39 0.086 0.078 0.078 0.077 0.082 0.103 0.108 0.111
40-49 0.052 0.057 0.066 0.067 0.064 0.082 0.082 0.090
50-59 0.039 0.021 0.052 0.054 0.057 0.075 0.066 0.074
Native
1940 1950 1960 1970 1980 1990 2000 2005
20-29 0.195 0.103 0.132 0.131 0.105 0.166 0.173 0.211
30-39 0.149 0.092 0.097 0.092 0.087 0.123 0.131 0.142
40-49 0.140 0.083 0.088 0.091 0.075 0.107 0.101 0.126
50-59 0.107 0.075 0.078 0.078 0.061 0.070 0.058 0.082
Panel B: Nonparametric Results
Immigrant
1940 1950 1960 1970 1980 1990 2000 2005
20-29 0.129 0.036 0.075 0.089 0.087 0.107 0.146 0.149
30-39 0.099 0.035 0.072 0.080 0.090 0.132 0.137 0.145
40-49 0.066 0.087 0.055 0.086 0.072 0.103 0.112 0.116
50-59 0.057 0.017 0.050 0.077 0.056 0.091 0.091 0.103
Native
1940 1950 1960 1970 1980 1990 2000 2005
20-29 0.200 0.082 0.130 0.089 0.100 0.163 0.151 0.219
30-39 0.166 0.086 0.089 0.082 0.100 0.132 0.167 0.159
40-49 0.157 0.095 0.079 0.092 0.106 0.112 0.141 0.130
50-59 0.149 0.092 0.108 0.069 0.075 0.085 0.110 0.089
1 Notes: The results in Panel A are computed from IPUMS data using
Mincer (1974) specication. See text for details.
2 The results in Panel B are computed from IPUMS data using a non-
parametric specication. Median rate of return values reported for each
indicated group. See text for details.
39Table 4: Schooling Rate of Return Estimates by Education Level
Panel A: Parametric Results
Year HS & Below High School Some College College & Above
1940 0.131 0.132 0.127 0.126
1950 0.091 0.094 0.078 0.080
1960 0.100 0.100 0.091 0.089
1970 0.089 0.090 0.076 0.087
1980 0.089 0.093 0.084 0.084
1990 0.110 0.104 0.105 0.103
2000 0.108 0.100 0.103 0.103
2005 0.122 0.113 0.116 0.117
Panel B.1: Nonparametric Results (Median Values)
Year HS & Below High School Some College College & Above
1940 0.153 0.147 0.128 0.125
1950 0.128 0.059 0.043 -0.007
1960 0.101 0.091 0.082 0.011
1970 0.086 0.098 0.087 0.048
1980 0.110 0.116 0.071 0.042
1990 0.125 0.150 0.135 0.092
2000 0.129 0.172 0.137 0.056
2005 0.109 0.163 0.167 0.099
Panel B.2: Nonparametric Results (Coecients of Variation)
Year HS & Below High School Some College College & Above
1940 0.2884 0.2553 0.2677 0.2538
1950 0.5114 0.4853 8.3435 41.8641
1960 0.7715 0.3764 0.8224 7.6684
1970 0.7071 0.4337 0.5383 1.1526
1980 0.7476 0.2924 0.599 1.4072
1990 0.4319 0.241 0.2595 0.3478
2000 0.5749 0.2918 0.2504 0.7711
2005 0.497 0.267 0.3011 0.5204
1 Notes: The results in Panel A are computed from IPUMS data using Mincer
(1974) specication. See text for details.
2 The results in Panel B are computed from IPUMS data using a nonparametric
specication. Median rate of return values reported for each indicated group.
See text for details.
40Table 5. Percentage Dierence in Attributes for Top 5% from the Remainder of the Sample
Year Variable Age 20-29 Age 30-39 Age 40-49 Age 50-59 White Black Immigrant Native
1940 Married 0.158 -0.025 -0.002 -0.007 -0.500 -0.341 -0.331 -0.390
Child < 5 0.132 -0.019 0.116 0.014 -0.094 -0.008 0.107 -0.050
Black 0.022 0.095 0.161 -0.018 0.009 0.016
Immigrant 0.011 0.038 0.048 -0.033 -0.109 -0.009
Age 20-29 0.697 0.623 0.789 0.667
Age 30-39 -0.296 -0.284 -0.094 -0.315
Age 40-49 -0.240 -0.220 -0.366 -0.221
Age 50-59 -0.161 -0.119 -0.330 -0.131
America 0.167
Europe & Oceania -0.189
Asia 0.011
1950 Married 0.049 0.014 -0.013 -0.009 -0.243 -0.236 -0.069 -0.222
Child < 5 -0.025 -0.082 0.010 0.041 0.025 -0.047 0.101 0.079
Black -0.052 0.092 0.082 0.081 0.000 0.131
Immigrant 0.006 0.036 0.041 0.027 -0.027 -0.007
Age 20-29 0.627 0.411 0.212 0.710
Age 30-39 -0.249 -0.202 0.020 -0.311
Age 40-49 -0.224 -0.247 -0.037 -0.242
Age 50-59 -0.153 0.038 -0.195 -0.157
America 0.113
Europe & Oceania -0.176
Asia 0.041
1960 Married -0.183 -0.031 -0.031 0.001 -0.171 -0.491 -0.205 -0.209
Child < 5 -0.173 0.048 -0.012 0.038 0.085 -0.084 0.024 0.077
Black 0.050 0.145 0.164 0.188 0.002 0.062
Immigrant 0.013 0.027 0.020 0.031 0.002 -0.009
Age 20-29 0.334 0.765 0.430 0.588
Age 30-39 -0.051 -0.317 -0.108 -0.242
Age 40-49 -0.178 -0.263 -0.116 -0.197
Age 50-59 -0.105 -0.184 -0.206 -0.149
America 0.037
Europe & Oceania -0.170
Asia 0.037
1970 Married -0.188 -0.010 -0.004 -0.024 -0.305 -0.357 -0.070 -0.269
Child < 5 -0.235 0.002 -0.009 0.013 -0.019 0.057 0.165 0.044
Black -0.026 0.025 0.048 0.053 -0.015 -0.012
Immigrant 0.015 0.046 0.041 0.068 -0.009 -0.014
41Table 5 { (cont.) Percentage Dierence in Attributes for Top 5% from the Remainder of the Sample
Year Variable Age 20-29 Age 30-39 Age 40-49 Age 50-59 White Black Immigrant Native
Age 20-29 0.654 0.725 0.078 0.706
Age 30-39 -0.220 -0.281 0.365 -0.237
Age 40-49 -0.254 -0.254 -0.212 -0.263
Age 50-59 -0.180 -0.191 -0.231 -0.205
America -0.131
Europe & Oceania -0.100
Asia 0.292
1980 Married -0.210 0.042 -0.001 0.004 -0.321 -0.381 -0.178 -0.283
Child < 5 -0.184 -0.085 0.042 0.004 -0.012 -0.016 0.049 -0.020
Black -0.021 0.054 0.066 -0.011 -0.012 0.008
Immigrant 0.016 0.006 0.146 -0.002 0.000 0.001
Age 20-29 0.610 0.586 0.181 0.402
Age 30-39 -0.251 -0.259 0.218 -0.110
Age 40-49 -0.185 -0.181 -0.230 -0.172
Age 50-59 -0.174 -0.146 -0.169 -0.120
America -0.199
Europe & Oceania -0.062
Asia 0.281
1990 Married -0.127 0.055 0.023 0.003 -0.123 -0.320 -0.122 -0.595
Child < 5 -0.052 -0.110 -0.064 0.002 -0.012 0.040 -0.071 -0.161
Black 0.017 0.040 0.008 0.008 0.016 -0.014
Immigrant -0.011 -0.029 -0.045 -0.034 0.002 -0.024
Age 20-29 0.312 0.677 0.090 0.735
Age 30-39 -0.238 -0.317 -0.206 -0.335
Age 40-49 0.060 -0.226 0.262 -0.250
Age 50-59 -0.134 -0.134 -0.146 -0.150
America -0.069
Europe & Oceania 0.035
Asia 0.019
2000 Married -0.128 0.018 0.006 -0.001 -0.493 -0.162 -0.549 -0.062
Child < 5 -0.025 -0.179 -0.046 0.011 -0.098 0.035 -0.183 0.070
Black 0.019 0.035 0.037 0.043 0.000 0.000 0.012 0.043
Immigrant -0.027 -0.032 -0.002 0.127 -0.012 -0.036
Age 20-29 0.759 0.036 0.782 -0.061
Age 30-39 -0.260 0.288 -0.355 0.483
Age 40-49 -0.299 -0.174 -0.267 -0.219
Age 50-59 -0.201 -0.150 -0.161 -0.202
America -0.186
42Table 5 { (cont.) Percentage Dierence in Attributes for Top 5% from the Remainder of the Sample
Year Variable Age 20-29 Age 30-39 Age 40-49 Age 50-59 White Black Immigrant Native
Europe & Oceania 0.018
Asia 0.152
2005 Married -0.137 -0.031 -0.003 -0.007 -0.660 -0.281 -0.402 -0.689
Child < 5 -0.072 -0.021 -0.087 -0.003 -0.143 0.040 -0.063 -0.134
Black 0.010 0.017 0.025 0.042 0.000 0.000 0.013 0.008
Immigrant -0.037 -0.020 -0.052 -0.013 -0.040 -0.049
Age 20-29 0.828 0.363 0.726 0.827
Age 30-39 -0.264 0.116 -0.230 -0.262
Age 40-49 -0.306 -0.270 -0.300 -0.303
Age 50-59 -0.259 -0.209 -0.196 -0.262
America -0.184
Europe & Oceania 0.029
Asia 0.144
Notes: Each element represents the percentage dierence for the bottom 5% of people in the column group who have the row
attribute from the top 95% of people in the column group who have the row attribute. Specically, we take the average of the
characteristic (the percentage of people in that group who have that characteristic) for the people in the top 5% and subtract
the average of the characteristic for the people in the bottom 95% and test the signicance (t-test) of that dierence.
43Table 6. Percentage Dierence in Attributes for Bottom 5% from the Remainder of the Sample
Year Variable Age 20-29 Age 30-39 Age 40-49 Age 50-59 White Black Immigrant Native
1940 Married 0.139 0.003 -0.013 -0.007 0.161 0.059 0.062 0.192
Child < 5 0.063 0.041 0.053 0.027 -0.087 -0.043 -0.107 -0.107
Black 0.226 0.086 0.106 0.078 -0.006 0.017
Immigrant 0.012 0.038 0.271 0.366 0.306 0.006
Age 20-29 -0.330 -0.144 -0.101 -0.353
Age 30-39 -0.247 -0.206 -0.189 -0.198
Age 40-49 0.237 0.328 -0.281 0.297
Age 50-59 0.341 0.022 0.571 0.254
America -0.052
Europe & Oceania 0.061
Asia -0.005
1950 Married -0.211 -0.006 0.005 0.021 -0.372 -0.045 -0.052 -0.391
Child < 5 -0.203 0.059 0.008 -0.009 -0.195 -0.103 -0.025 -0.167
Black -0.038 0.034 0.080 -0.051 -0.004 -0.058
Immigrant -0.003 0.000 0.048 -0.033 0.021 0.007
Age 20-29 0.441 -0.071 0.109 0.568
Age 30-39 -0.305 -0.156 -0.059 -0.319
Age 40-49 -0.177 0.029 -0.089 -0.165
Age 50-59 0.041 0.198 0.039 -0.083
America 0.003
Europe & Oceania 0.001
Asia -0.010
1960 Married -0.195 -0.010 0.002 -0.013 -0.100 0.103 -0.063 -0.071
Child < 5 -0.224 0.090 0.042 0.001 -0.080 -0.270 -0.020 -0.082
Black -0.051 -0.049 -0.018 0.005 -0.007 0.007
Immigrant -0.004 0.030 0.022 0.034 0.035 0.017
Age 20-29 0.069 -0.289 0.074 0.045
Age 30-39 -0.097 -0.317 -0.100 -0.107
Age 40-49 -0.098 -0.226 -0.046 -0.017
Age 50-59 0.126 0.832 0.073 0.079
America 0.042
Europe & Oceania -0.052
Asia 0.031
1970 Married -0.404 -0.030 -0.009 -0.002 -0.344 0.094 -0.161 -0.291
Child < 5 -0.298 0.048 0.101 0.001 -0.141 -0.202 -0.076 -0.095
Black -0.008 0.003 0.039 0.009 -0.019 0.042
Immigrant 0.005 0.063 0.043 -0.013 0.018 0.006
44Table 6 { (cont.) Percentage Dierence in Attributes for Top 5% from the Remainder of the Sample
Year Variable Age 20-29 Age 30-39 Age 40-49 Age 50-59 White Black Immigrant Native
Age 20-29 0.416 -0.296 0.212 0.404
Age 30-39 -0.250 -0.232 -0.150 -0.225
Age 40-49 -0.206 -0.033 -0.111 -0.071
Age 50-59 0.040 0.561 0.049 -0.107
America 0.034
Europe & Oceania -0.056
Asia 0.011
1980 Married -0.353 -0.062 -0.007 -0.011 -0.444 0.199 0.186 -0.260
Child < 5 -0.210 0.080 0.037 0.004 -0.123 -0.168 -0.158 -0.157
Black -0.008 -0.029 -0.039 -0.035 -0.018 0.003
Immigrant 0.005 0.070 0.078 0.038 0.006 0.016
Age 20-29 0.484 -0.382 -0.318 0.159
Age 30-39 -0.258 -0.168 -0.285 -0.254
Age 40-49 -0.179 -0.036 0.242 0.050
Age 50-59 -0.048 0.585 0.361 0.045
America 0.053
Europe & Oceania 0.040
Asia -0.091
1990 Married -0.299 -0.034 0.018 0.003 -0.316 0.207 0.107 0.202
Child < 5 -0.159 0.097 0.023 0.002 -0.115 -0.117 -0.031 -0.168
Black 0.033 -0.034 -0.023 -0.020 -0.033 0.005
Immigrant -0.030 0.176 0.115 0.069 0.021 0.054
Age 20-29 0.440 -0.327 -0.155 -0.305
Age 30-39 -0.331 -0.182 -0.098 -0.293
Age 40-49 -0.213 -0.055 0.058 -0.088
Age 50-59 0.104 0.564 0.194 0.686
America 0.195
Europe & Oceania -0.054
Asia -0.106
2000 Married -0.262 0.056 0.032 0.025 0.179 0.072 0.128 -0.090
Child < 5 -0.120 0.107 0.101 0.003 -0.061 -0.054 -0.004 -0.114
Black 0.008 -0.049 -0.043 -0.034 0.000 0.000 -0.042 -0.016
Immigrant -0.010 0.387 0.155 0.037 0.055 0.110
Age 20-29 -0.231 -0.179 -0.215 0.110
Age 30-39 -0.177 -0.074 0.002 -0.287
Age 40-49 0.082 0.126 0.126 -0.152
Age 50-59 0.327 0.127 0.087 0.329
America 0.185
45Table 6 { (cont.) Percentage Dierence in Attributes for Top 5% from the Remainder of the Sample
Year Variable Age 20-29 Age 30-39 Age 40-49 Age 50-59 White Black Immigrant Native
Europe & Oceania -0.053
Asia -0.093
2005 Married -0.176 0.047 0.076 0.055 0.191 0.189 0.168 0.218
Child < 5 -0.073 0.104 0.071 0.006 0.007 -0.005 -0.035 -0.034
Black 0.017 -0.047 -0.043 -0.034 -0.037 -0.043
Immigrant 0.054 0.281 0.041 0.009 0.078 0.168
Age 20-29 -0.208 -0.221 -0.214 -0.230
Age 30-39 -0.086 -0.127 -0.084 -0.135
Age 40-49 0.032 0.078 0.032 -0.030
Age 50-59 0.262 0.269 0.266 0.394
America -0.012
Europe & Oceania 0.013
Asia 0.016
Notes: Each element represents the percentage dierence for the bottom 5% of people in the column group who have the row
attribute from the top 95% of people in the column group who have the row attribute.Specically, we take the average of
the characteristic (the percentage of people in that group who have that characteristic) for the people in the bottom 5% and
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Figure 4: Nonparametric Results by Year and Immigration Status
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